This study was designed to use LiDAR data to research tree heights in montane forest blocks of Kenya. It uses a completely randomised block design to asses if differences exist in forest heights: 1) among montane forest blocks, 2) among Agro ecological zones ( 
Introduction
Montane forests of Kenya otherwise referred to as water towers occur on mountainous regions that are water catchment areas (KWTA & DRSRS, 2013) . The forests have been referred to as mountain and range forests (Wass, 1995) , moist and dry upland forests (Beentje, 1994) and Eastern Riftafromontane forests (White, 1983) due to their similarities in species composition and structure. Five montane blocks: Mau Forest complex, Mt Kenya, the Aberdares ranges, the Cherangany hills and Mt Elgon were noted as the major sources of water for the six drainage basins of Kenya (DRSRS & KFWG, 2006) and these make up the biggest proportion of montane forests in Kenya.
Using the tropical flora of East Africa, Beentje (1994) defined possible species distribution areas within montane forests and these are strongly influenced by rainfall, soils and altitude which broadly translates to agro ecological factors (Jaetzold et al., 2007) . The high rainfall areas occurring on the wind ward sides of mountains are characterised by a variety of broad leaved evergreen species while the dry montane forests found on the lee ward sides of mountains have a mixture of broadleaved and conifer species. Beentje (1994) further noted that altitudinal zonation profiles results to the mixed and conifer forests on the lower altitudes, while bamboo and moorland are found at higher altitudes. Kinyanjui et al. (2014a) explained that variations occur in species dominance at various agro ecological zones in the Mau forest complex. Using species basal areas, they found out that the forests created flora zones or associations where a certain group of tree species dominated based on altitude, soils and climate. It was found that some tree species like Dombeya goetzenii (K. Schum), though not dominant at any of the species association zones, they were distributed over a wider ecological range indicating their adaptability to a variety of climate and altitude. Such species associations were found to affect the vertical and horizontal characteristics of forest structure which are largely species specific.
Apart from climate and altitude, human disturbance has been described as a major factor influencing species composition in forests of Kenya. Kinyanjui et al. (2013) explained that heavy encroachment including use of fires influenced the floristic charcterstics of some blocks of the Mau Forest Complex, affecting the regeneration of certain species and the overall recovery of the disturbed forest. The resultant species composition was influenced by species preferance, level of use and resilience of the forest to a specific disturbance. Hitimana et al. (2009) attributed selective logging to the decline in the top canopy of Olea capensis (L) trees in Mt Elgon forest resulting to a general decrease in forest height. Similarly, Githae et al. (2007) noted that exploitation of firewood threatened Teclea nobilis (Delile) a top canopy species in Marsabit forest. Degradation activities like fires were found to reduce the health and density of forest vegetation and Kinyanjui (2011) stated that the heavily encroached East Mau forest block had inferior vegetation compared to other blocks of the Mau Forest Complex.
Kenya defines forests as those areas with a minimum of 15% canopy closure, a minimum area of 0.5 ha and tree height above 2 m (KFS, 2013) . Beyond this the forests have been categorised on the basis of canopy closure as dense (Canopy closure > 65%), moderate (canopy closure 41% -65%) and open (canopy closure 15% -40%). The alteration of species composition in forests affects Kenya's definition of forests. For example, activities that eliminate tall trees or reduce the average height of the forest move the forest towards grassland. Such forest degradation activities including fires, selective removal and forest conversion into other uses, are common in forests of Kenya (Hitimana et al., 2009; Kinyanjui et al., 2013; Mullah et al., 2013 ).
Forest Height as an Indicator of Forest Status
Foresters have traditionally used tree height as an indicator of site productivity (Coops et al., 2011; Philip, 1994; Sturtevant et al., 2004) . In addition Koch et al. (2004) explained that height growth in trees is dependent on environmental resources including soil, water and climate. The total of the biotic and abiotic interactions makes the mean height of trees differ among sites and, a forest in an area of more resources e.g. fertile soils would have taller trees and may stock more biomass (Culmsee et al., 2010) . Therefore the theory of tree height growth potential has traditionally supported categorization of forests into site productivity indices but Coops et al. (2011) noted that height growth is species specific and can only be compared within a species.
Tree height is a common volume or biomass predictor variable and is only second in use to Diameter at breast height (Dbh) (Henry et al., 2011; Philip, 1994) . Chave et al. (2005) explained that including tree height as a biomass predictor variable improved accuracy by at least 7%. Due to the growing need to accurately estimate forest biomass, for purposes of REDD and greenhouse gas inventory (Sishir & Stephan, 2012) , methods of enhancing accuracy and ease in tree height measurement have been developed. Such methods include use of Li-DAR technology that provides specific tree heights and associated terrain at specific points in a forest (Junttila et al., 2010) . Junttila et al. (2010) described Light Detection and Ranging (LiDAR) as a remote sensing technology that determines distances by taking the product of the speed of light and the time required for an emitted laser to travel to a target object. Such laser pulses are sent from a remotely placed sensor aboard a moving object like a satellite or an aircraft. Using algorithms that are based on the surface terrain, and the distance between the emitter and the forest canopy, the heights of different trees are calculated. Mitchard et al. (2012) explained that such LiDAR laser pulses can be used to categorise a forest into canopy classes such as top canopy, middle canopy and undergrowth and explain the density of each of such canopies.
Using LiDAR to Measure Tree Heights
The use of LiDAR technology allows assessment of tree heights in extensive and inaccessible forests (Wang et al., 2014) . Noting that forest tree heights are difficult to measure using conventional forestry methods that are mainly based on triangulation, LiDAR tree height measurement offers a great opportunity for quick measurement of tree heights and allows large scale data provision (Chave et al., 2005) . Such a method would complement ground inventories in Kenya's difficult forest conditions that oftenharbour dangerous wildlife (KFS, 2013) . It may also allow quick comparisons of forest characteristics and aid in forest classification activities required for biomass mapping (Kinyanjui et al., 2014b ).
Use of Geoscience Laser Altimeter System (GLAS) Datasets
A global dataset provided by the Geoscience Laser Altimeter System (GLAS) has widely been used to research tree heights in different forests of the world (Lefsky, 2010) . The LiDAR data from the National Aeronautics and Space Administration (NASA) was taken by the Ice, Cloud, and land Elevation satellite (ICESat) in the period 2003-2009 and records forest tree heights using foot prints measuring 0.2 -0.25 ha (Hilbert & Schmullius, 2012) . The data has been ground truthed in a variety of forest conditions of the world but (Wang et al., 2014) note that it requires refining to correct for topography. Simard et al. (2011) used the GLAS data to map canopy heights across the globe while Mitchard et al. (2012) used the data to generate biomass maps in forests of Gabon. In Kenya, the green belt movement used GLAS data to generate a biomass map for Kenya using ground truthed points in Aberdares forest (TWHRC, 2007) .
In Kenya, the LiDAR data provides tree height information for about 5500 foot prints in a variety of landuses. The data is ideal for mapping forest lands of Kenya whose definition partly relies on tree height (KFS, 2013) . Though the collapse of the ICE-SAT at does not allow continued collection of tree data, the available data can be used to study our forests and identify causes of variations in tree characteristics. Such information is important for biomass mapping, species composition mapping and assessment of human effects in forests.
This study was designed to use LiDAR data to study tree heights of montane forest blocks of Kenya. Since montane forests are generalised as similar, factors that enhance similarities or cause dissimilarities may require a further analysis. The study objectives were therefore to assess if differences exist in forest heights 1) among montane forest blocks, 2) among Agro ecological zones (AEZ) within each forest block and 3) between similar AEZ in different forest blocks. The study is helpful in biomass inventory processes in forests of Kenya. It will guide on cases for generalisation in estimating biomass in montane forests of Kenya and determine drivers of change that affect forest heights.
Methods

Overlay of LiDAR Data on Forest Maps
Space-borne LiDAR data from the Geoscience Laser Altimeter System (GLAS) on the Ice Cloud and Land Elevation Satellite (Ice-SAT) for the period from 2003-2009 was downloaded from the NASA Distributed Active Archive Center (DAAC) at the National Snow and Ice Data Center (NSIDC) website (http://nsidc.org/daac) and clipped based on the boundaries of the gazetted forests of Kenya. The data was further categorised into the various agro ecological zones of each montane forest block. The data was then refined to cover only areas of natural forests based on forest maps of 2000 (KFS, 2013 . There were a total of 2146 data points distributed as 365 in Aberdare forest, 93 in Cherangany forest, 1129 in Mau forest, 186 in Mt Elgon and 373 in Mt Kenya (Figure 1). 
Data Analysis
Data for agro ecological zones (AEZ) (Jaetzold et al., 2007) was collated and clipped for each of the Agro ecological zones for each water tower. The Agro ecological zones are based on climate and altitude and are indications of the expected land productivity. The represented AEZ are summarised in Table 1 . The collated data was subjected to a one way ANOVA tests to identify if differences in forest height exist among forest blocks. ANOVA was also done to test differences among AEZ within a water tower and among AEZ in the different water towers. Tukey's multiple comparison tests (Zar, 2010) were done to identify specific variations among water towers and among AEZ. Factors that cause differences in tree height in the various categories tested were investigated using existing ground forest information.
Results
Height Variations among Water Towers
The tree heights varied significantly (P < 0.05) among the forests of the water towers. The average heights were (Table 2) indicated that forest heights differed among most of the montane forests. It was only in the cases of Mt Kenya versus Cherangany hills and Aberdare versus Mau forest where forest heights did not differ. In some cases the differences in height were quite significant as illustrated by the high q value in Mt Elgon vs Mau and also Mt Kenya vs Mau. The results classify the montane forests of Kenya into two extremes in terms of forest heights. On the lower scale are Aberdares and Mau forest complex while on the upper scale, there is Mt Elgon and Mt Kenya forests.
A graphical presentation of the forest vertical structure (Figure 2) showed that in Mt Kenya and the Aberdares, have forest heights of up to 60 m while in Mau, Mt Elgon and Cherangany, the tallest forests reached 40m. The vertical structure also illustrated that in Mt Elgon, the average height of the trees was higher than in the other forests. The Mau forest, which had the biggest number of data points, there was a uniform distribution of trees from the small sizes and climaxes at about 30 m height.
The results of tree height may be an illustration of the existing conditions in the forests with Mau forest having been rated as degraded (Kinyanjui et al., 2013; Mullah et al., 2013) and having the lowest basal areas among the forests of Kenya (Wass, 1995) . However, the Mau forest might also be the best indicator of forest conditions Table 1 . Characteristics of the agro ecological zones of Kenya (Jaetzold et al., 2007) . because the data captured the biggest number of sample points and they were distributed among a variety of ecological conditions. The taller trees in Mt Elgon illustrate its close association and its characteristics of nearby tropical lowland forest types like Kakamega forest which is the only forest in Kenya with characteristics typical of the GuineoCongolean vegetation (Glenday, 2006) . The low tree height in Aberdares forest may be associated to the fact that some sample points fell in regions of bamboo forest-mixture and Kinyanjui et al. (2011) noted that bamboo vegetation comprises the largest vegetation type in the forest (Figure 3). 
AEZ
Characteristics of AEZ
LH0
Height Variations among AEZ
An investigation into the specific AEZ with pooled data from all the montane forests showed that tree heights varied significantly among AEZ. The average heights reduced with a decrease in wetness in the upper highland zones resulting to 16.14 m in UH0, 15.18 m in UH1 and 14.31 m in UH2. However in the lower highland zones, LH0 had an average of 17. 58 m and LH1 had 19.28 m showing that wetter lower highlands had taller trees. The averages for the LH2 and LH3 were quite lower with values of 5.41 m and 4.16 m respectively, illustrating that trees are normally shorter in the drier areas. However it was only in the Mau forest that data points fell on the LH2 and LH3.
Within the UH0, ANOVA showed significant variations in tree heights (P < 0.05) in forests of Aberdares, Mt Elgon and Mt Kenya. The difference was attributed to the taller trees in Mt Elgon which had an average height of 19.03 m as compared to Aberdare with 14.30 m. There were also variations in tree height in the LH1 represented by Mau, Mt Kenya and Mt Elgon. The variations were attributed to the lower tree heights in Mau forests which had an average of 17 m as compared to 20 m in the other two water towers. Similarly tree height varied within the UH2 where Mau, Cherangany and Aberdare were represented. Here the Cherangany forest had significantly taller trees at 17m in average compared to 12.6 m and 13.0 m in Mau and Aberdares respectively.
It was only in the UH1 which had sample points in all the water towers, that ANOVA (P < 0.05) gave no significant variation in tree heights. The average tree heights in UH1 were 15.64 m in Aberdares, 15.39 m in Cherangany, 12.88 m in Mau, 15.49 in Mt Elgon and 16.51 m in Mt Kenya. In this upper highland humid zone with a growing period of more than 270 days and anannual mean temperature of 10˚C -15˚C (Jaetzold et al., 2007) , species composition was described by Beentje (1994) as largely comprising of mixed broadleaved and coniferous trees including Podocarpus latifolius (Thunb. Mirb, Juniperus procera (Endl) and Olea europaea ssp. africana in the drier areas and Dombeya goetzenii (K. Schum), Tabernaemontana stapfiana (Britten) and Dracaena afromontana (Mildbr) in the wetter areas. 1  28  55  82  109  136  163  190  217  244  271  298  325  352  379  406  433  460  487  514  541  568  595  622  649  676  703  730  757 Foest height (m)
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Being in the upper highland zone, the forests are relatively undisturbed because human influence reduces with distance from the farms (Hitimana et al., 2009; Kinyanjui et al., 2014b) and this result could be an indicator of the forest heights in the montane forests of Kenya in their natural conditions. The lack of variation in tree height among the water towers in these undisturbed zones is a strong justification for characterising the forests as similar. It also proposes that mean variations in tree heights among montane forests could be attributed to human influence (Figure 4) . 
Height Variations within Water Towers
Four water towers: Aberdares, Mau, Mt Elgon and Mt. Kenya, had data points distributed in a variety of AEZ. In Mau forest where data points were distributed among six AEZ, tree heights were categorised into three groups. The UH0 and LH1 had relatively taller trees with means of 17.13 m and 17.23 m respectively. The UH1 and UH2 had moderate heights of 12.88 m and 12.62 m respectively while on the lower side the LH2 and LH3 had significantly shorter trees with means of 5.41 m and 4.16 m respectively In the Mau forest, tree heights can clearly be attributed to AEZ with wetter and warmer climates having taller trees while drier climates have shorter trees. The results do not indicate effects of human degradation on tree heights and this may illustrate the ability of the higher potential zones to regenerate and retain typical forest heights. In Mt Elgon, height variation was due to the tall trees in the LH1 averaging 20.59 m and the short trees in the UM1 averaging 8.26 m. This is a clear illustration of effects of human degradation on forest heights since the UM1 was noted to be experiencing degradation. Conversely in Mt Kenya, it was UM1 that caused variation, with extremely tall trees averaging 26.16 m as compared to 18.04 m in the LH0, 20.02 m in the LH1, 15.09 m in the UH0 and 16.51 m in the UH1. The tall trees in the UM1 were from 10 data points and comprised a Eucalyptus crop growing in the natural forest. The case of Mt Kenya is a good illustration of the effects of exotic trees on a forest which may influence stocking densities. In the Aberdares forest, significant variation in tree heights occurred among the AEZ; UH0, UH1 and UH2 with average tree heights of 14.30 m, 15.64 m and 13.12 m respectively.
Conclusion
Forest height results in the montane forests indicate that, tree growth is largely influenced by Agro ecological conditions of climate and altitude. However influence of human activity may be identified as in the case of AEZ, UM1 in Mt Kenya where exotic trees have been introduced in the natural forest. The case is also evident in AEZ LH2 and LH3 in Mau forest which had very short trees. Though falling within Kenya's definition of forests (KFS, 2013) , the short trees with averages of 5.41 m and 4.16 m in the Eastern and Kilombe blocks of the Mau forest were due to a combination of climatic factors and effects of human degradation.
Generally, upper highland forests had tall trees and the variations among water towers and within water towers were not exaggerated. This could be attributed to the lesser effects of human activities in these forest located far from human settlements. This may justify that variations in tree height among water towers are largely influenced by human effects.
The study has demonstrated application of LiDAR technology in extensive forest inventory in Kenya. Integrating LiDAR technology within the proposed national forest inventory will not only improve the accuracy of the output but also reduce the cost and time required to collect forest information. The failure of the ICEsat means that the accuracy of the tree height data referred here may never be ascertained. However, the on-going forest inventory programme in Kenya benefits from the findings of this research in noting sources of variations in tree characteristics and in developing a forest sampling scheme. The study proposes a clear ground truthing scheme for to calibrate LiDAR derived data and if possible use the available GLAS data to scale up the national data set for tree heights.
